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Abstract: Analysis Ready Data (ARD) have undergone the most relevant pre-processing steps to
satisfy most user demands. The freely available software FORCE (Framework for Operational
Radiometric Correction for Environmental monitoring) is capable of generating Landsat ARD. An
essential step of generating ARD is atmospheric correction, which requires water vapor data. FORCE
relies on a water vapor database obtained from the Moderate Resolution Imaging Spectroradiometer
(MODIS). However, two major drawbacks arise from this strategy: (1) The database has to be compiled
for each study area prior to generating ARD; and (2) MODIS and Landsat commissioning dates are
not well aligned. We have therefore compiled an application-ready global water vapor database
to significantly increase the operational readiness of ARD production. The free dataset comprises
daily water vapor data for February 2000 to July 2018 as well as a monthly climatology that is used
if no daily value is available. We systematically assessed the impact of using this climatology on
surface reflectance outputs. A global random sample of Landsat 5/7/8 imagery was processed
twice (i) using daily water vapor (reference) and (ii) using the climatology (estimate), followed by
computing accuracy, precision, and uncertainty (APU) metrics. All APU measures were well below
specification, thus the fallback usage of the climatology is generally a sound strategy. Still, the tests
revealed that some considerations need to be taken into account to help quantify which sensor,
band, climate, and season are most or least affected by using a fallback climatology. The highest
uncertainty and bias is found for Landsat 5, with progressive improvements towards newer sensors.
The bias increases from dry to humid climates, whereas uncertainty increases from dry and tropic to
temperate climates. Uncertainty is smallest during seasons with low variability, and is highest when
atmospheric conditions progress from a dry to a wet season (and vice versa).
Keywords: atmospheric correction; analysis ready data; global; Landsat; water vapor
1. Introduction
Landsat data are one of the most important Earth Observation datasets ever acquired due to their
long-term availability on regional to global scales [1–3], data continuity between sensors [4], high
quality of (inter-)calibration (e.g., [5,6]), free and open data access [7], and adequate spatial, temporal,
and spectral resolutions to monitor many processes on the landscape level [8]. However, most analyses
require a significant amount of pre-processing which needs to be increasingly automated to enable
both large area [9] and time series analyses [10]. Necessary processing steps include (1) cloud and
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cloud shadow detection on a per-pixel basis, also including quality flags that indicate only partially
or not usable observations from other factors than clouds or cloud shadows like saturation, snow,
illumination conditions etc.; (2) radiometric normalization and transformation of top-of-atmosphere
reflectance to surface reflectance, which includes at least atmospheric correction (AC), but other
corrections like topographic or adjacency effect correction may be required as well; and (3) mapping
the data onto a uniform spatial grid (often referred to as data cubing), which is highly advantageous
for data-intensive applications. Data that have undergone all these pre-processing steps are currently
referred to as Analysis Ready Data (ARD, [11], http://ceos.org/ard).
The freely available software FORCE (Framework for Operational Radiometric Correction for
Environmental monitoring, available from http://force.feut.de) is a toolkit for generating ARD as
well as for deriving higher-level products from the generated ARD (such as pixel-based composites,
spectral variability metrics, time series derivatives like trend and change indicators, Land Surface
Phenology metrics, etc.). The AC included in FORCE [12] uses radiative transfer theory [13] to
transform top-of-atmosphere reflectance to surface reflectance [14]. The quality of the FORCE AC was
recently assessed in the Atmospheric Correction Inter-Comparison Exercise (ACIX) [15].
AC of Landsat data requires knowledge on the amount of atmospheric water vapor. Water vapor
absorbs a significant amount of radiation in specific regions of the electromagnetic spectrum. Unlike
other atmospheric gases, water vapor is spatially and temporally variable and can only be directly
estimated from satellite data that have a designated water vapor absorption channel [16], which, for
example, provides highly accurate measurements for Sentinel-2 [15]. On the contrary, the Landsat
sensors are not equipped with spectral bands that enable a reliable estimation of atmospheric water
vapor, therefore auxiliary data are necessary to perform the necessary corrections.
For this purpose, FORCE relies on a water vapor database (WVDB) obtained from the Moderate
Resolution Imaging Spectroradiometer MODIS Terra/Aqua water vapor products [14]. If available,
nearly concurrent, daily values are used. If not, a monthly climatology is used as a surrogate. This
climatology is derived from a statistical analysis of all daily estimates and represents the climatological
seasonal water vapor phenology. The major drawback is that the climatology has to be compiled
for each study area prior to AC. This is computationally expensive, time consuming, and most
likely redundant as diverse users and applications require similar pre-processing. Therefore, this
extra processing step is not well aligned with the application-readiness required for large-scale ARD
production. The objectives of this paper are as follows:
• To compile, provide and describe an open and free global water vapor database that can be simply
ingested into the FORCE AC to significantly increase readiness of ARD production;
• To provide a comprehensive and extended analysis of the actual impact of falling back to a water
vapor climatology vs. correcting with daily values for (i) the different Landsat sensors, (ii) different
climatic regions of the world, and (iii) different seasons.
2. Data
2.1. MODIS Water Vapor
MODIS water vapor data are used for the physically-based correction of water vapor absorption
in the earth’s atmosphere [14]. We used the MOD05 and MYD05 collection 6.1 products as well as
the MOD03 and MYD03 geolocation tables, which were automatically downloaded from the Level 1
and Atmosphere Archive and Distribution System (LAADS) at NASA’s Goddard Space Flight Center.
We used data that were derived from the near infrared (NIR) water vapor algorithm [17], which relies
on water vapor attenuation of the NIR radiation. The column water vapor amount was determined
from radiative transfer theory based on ratios between bands affected by water vapor absorption and
bands in unaffected atmospheric windows. The product was obtained at 1 km spatial resolution and
the temporal resolution was up to one day, considering both Aqua and Terra observations.
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2.2. Landsat
Based on an analysis of the water vapor database, a large number of globally distributed Landsat
images (4320) was randomly selected for further analysis of the uncertainty in using a water vapor
climatology vs. having daily values for the atmospheric correction of Landsat imagery. We used
Landsat 7 and Landsat 8 Collection 1 Level 1 Tier 1 L1TP data for the year 2015 with cloud cover
<70% as well as Landsat 5 for the year 2010. The images were acquired from the U.S. Geological
Survey (USGS). Note that the failure of Landsat 7’s Scan Line Corrector does not influence this analysis:
Radiometric data quality was not affected by the failure [18]. Apart from the cloud cover constraint
and the constraint that a daily value needed to be available in the water vapor database, the sampling
was completely random, thus the datasets covered all land cover classes.
3. Methods
3.1. Building the Water Vapor Database
The global MODIS water vapor database was generated with the designated FORCE module
WVDB [12], which was implemented for automatic data acquisition and processing of Terra/Aqua
MODIS water vapor data; for details about this methodology see Frantz et al. (2016) [14].
For each day between March 2000 and July 2018, all daytime observations were downloaded.
For each day, the mean atmospheric water vapor for an area of ±0.5◦ around the central coordinate
of each land-intersecting, descending Worldwide Reference System 2 (WRS-2) scene was computed
(13,281 coordinates). The 1◦ box covers the better part of a Landsat WRS-2 scene, and thus allows the
extraction of one representative average for the atmospheric correction of a near-concurrent Landsat
image. As the Sun-cloud-sensor path is substantially shorter than the Sun-surface-sensor path, column
water vapor retrievals over clouds are substantially lower than in a clear atmosphere [17]. In order to
use the water vapor retrievals for converting top-of-atmosphere reflectance to surface reflectance, it is
important to filter for clouds. Sun-glint was filtered as well. As the MODIS cloud detection agrees
with an independent dataset in 85% of cases [19], we opted to use a rather conservative threshold for
obtaining a daily value: If there were less than 10% valid pixels per site and date, the average was
expected to be unreliable, and no daily value was derived. If there were estimates from both sensors,
the one with more valid data was selected.
To allow AC of Landsat data at times with no concurrent MODIS data (including the pre-MODIS
era, coverage gaps between the swaths, sensor outages, etc.), we additionally generated a water vapor
climatology for each location as a surrogate value. This climatology was derived from a statistical
analysis of the complete MODIS water vapor time series, i.e., the daily values were aggregated to
long-term (2000–2018) averages per month (January to December, i.e., 12 values per coordinate).
The full water vapor database was released under the terms of the Creative Commons Attribution
3.0 Unported and can be freely accessed at https://doi.pangaea.de/10.1594/PANGAEA.893109 [20].
The database is ready-to-use with the AC implemented in FORCE and can also be used as an input for
other atmospheric corrections or generally for other purposes.
3.2. Impact of Water Vapor Climatology on Landsat Data
3.2.1. Sampling
To systematically explore the impact of using a water vapor climatology vs. having daily values
for the AC of Landsat imagery as well as to evaluate how this approach performs across the globe
and throughout seasons, we used a global stratification to sample Landsat test data. We clustered
the water vapor climatology to derive regions with similar water vapor seasonality and monthly
variability. The monthly water vapor averages and the monthly standard deviation were z-transformed,
respectively, and combined into a set of 24 features. This set was partitioned into 12 clusters around
medoids, which is a more robust version of K-means clustering [21,22].
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We randomly selected Landsat images with <70% cloud cover on dates where daily water vapor
values were available. We sampled 10 images per cluster, month, and sensor. This resulted in a total of
4320 images. This sampling allowed us to test how large the effect of using the climatology is (i) for
the different sensors, (ii) in different climatic regions of the world, and (iii) between seasons.
3.2.2. Atmospheric Correction
All acquired Landsat images were processed twice using the FORCE AC [14]. All settings but
the use of the water vapor database were held constant such that the resulting difference in surface
reflectance could solely be attributed to the use of the water vapor climatology. The usage of daily
water vapor values from MODIS is common practice for AC of Landsat (e.g., [23]), which is enabled
by the good accuracy of the MODIS water vapor retrieval (5–10% errors) [17] and facilitated by the
orbital similarity between Landsat 7 and the Terra spacecraft [24]. In the first set, the images were
corrected with daily water vapor values. The resulting surface reflectance dataset served as a reference
dataset for the following analyses. It should be noted that the scope of this manuscript is not to provide
an absolute measure of surface reflectance accuracy (for such information, see [15], where surface
reflectance generated with daily water vapor was independently validated in the ACIX experiment
using an AERONET (AErosol RObotic NETwork [25])-derived surface reflectance reference) but rather
to explore the feasibility of using a climatological surrogate value as a backup method when daily
values are not available. In the second set, the images were corrected with the climatological values,
thus simulating the worst case scenario where no concurrent water vapor estimates from MODIS were
available, as, for example, is the case for all Landsat images acquired before the commissioning of
MODIS in March 2000.
3.2.3. Surface Reflectance Evaluation
Following Vermote and Kotchenova [26], the two surface reflectance sets were compared in terms
















APU analyses are an established evaluation of surface reflectance estimates against a well
characterized reference dataset and have been extensively used to evaluate MODIS, Landsat, and
Sentinel-2 surface reflectance products [15,23,26,27]. The surface reflectance generated with daily
water vapor served as the reference ρr,i, and the surface reflectance generated with the water vapor
climatology as the estimate ρe,i. The difference εi was defined as the estimate minus the reference,
where n is the number of samples i and M is the mean value of the reference. Accuracy, precision,
and uncertainty are measures of the mean bias, repeatability, and statistical deviation (i.e. RMSE). To
address whether uncertainty is high or not, values need to be evaluated against the surface reflectance
specification, which we adapted from Vermote and Kotchenova [26] and Claverie et al. [27] as follows:
S = 0.05ρ+ 0.005. (4)
The APU analyses were performed for each band and for each of the testing sets outlined above.
Pixels flagged as cloud, cloud shadow, snow, or saturated were removed prior to the analysis.
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4. Results and Discussion
4.1. Water Vapor Database
4.1.1. Data Availability
The daily water vapor database consists of 6,675 daily tables, starting from 24 February 2000 to
31 July 2018. The daily availability before commissioning of the Aqua platform in 2002 was 40–55%, and
after commissioning was 45–65% (Figure 1). Note that this does not imply that only 40–65% of Landsat
scenes have daily values as Landsat has no daily coverage and is well aligned with MODIS orbits.
During the early years of MODIS operation (2000–2002), sensor outages were more frequent [28,29],
thus data availability is lower on some days. There is some seasonality in data availability, which
seemingly is related to the climatic seasons and large scale atmospheric circulations (causing persistent
cloud cover).
Remote Sens. 2019, 11, x FOR PEER REVIEW 5 of 19 
 
4. Results and Discussion 
4.1. Water Vapor Database 
4.1.1. Data Availability 
The daily water vapor database consists of 6,675 daily tables, starting from 24 February 2000 to 
31 July 2018. The daily availability before commissioning of the Aqua platform in 2002 was 40–55%, 
and after commissioning was 45–65% (Figure 1). Note that this does not imply that only 40–65% of 
Landsat scenes have daily values as Landsat has no daily coverage and is well aligned with MODIS 
orbits. During the early years of MODIS operation (2000–2002), sensor outages were more frequent 
[28,29], thus data availability is lower on some days. There is some seasonality in data availability, 
which seemingly is related to the climatic seasons and large scale atmospheric circulations (causing 
persistent cloud cover). 
 
Figure 1. Daily availability of water vapor retrievals. The daily availability shows the percentage of 
the 13,281 coordinates with valid water vapor retrievals. 
4.1.2. Water Vapor Climatology 
The water vapor climatology was computed on basis of the daily water vapor retrievals. For 
each coordinate, the long-term monthly average was computed (Figure 2). The climatology readily 
reveals the world’s climate zones as well as their seasonality, with high water vapor in the tropics 
and small values in the polar regions, and the latitudinal movement of the Intertropical Convergence 
Zone or the progression of the monsoon on the Indian subcontinent. Consistent missing values in the 
Arctic/Antarctic are due to the polar night. Figure 3 shows the monthly standard deviation as a 
measure of variability from the climatological mean. The highest variability can be found year-round 
in Southern America and Northern Australia and in wet season climates throughout the world, e.g., 
in Summer (Winter) in Northern (Southern) Africa, whereas the tropics are characterized by a fairly 
stable water vapor climatology. Long-term trends of annual water vapor averages per month reveal 
that some significant changes in water vapor have occurred during the past 18 years (Figure 4). As 
an example, South-Eastern Asia has become significantly wetter. Thus, accounting for the trend 
might give better performance than using a simple long-term average. This will likely be incorporated 
into a future version of the algorithm and database. However, this should only be considered for 
interpolating between 2000 to 2018 as the trend cannot be reliably extrapolated into the past with this 
methodology. In addition, in a previous study [14], we assessed that less than 0.4% of all Landsat 
images after 2002 could not have been paired with a daily water vapor value (using all Landsat data 
in a significant portion of Southern Africa with cloud coverage <70%). This is mainly because a high 
cloud coverage in MODIS (resulting in no data in the water vapor database) is also commonly paired 
with high cloud coverage in the near-concurrent Landsat image. 
Figure 1. Daily availability of water vapor retrievals. The daily availability shows the percentage of
the 13,281 coordinates with valid water vapor retrievals.
4.1.2. Water Vapor Climatology
The water vapor climatology was computed on basis of the daily water vapor retrievals. For
each coordinate, the long-term monthly average was computed (Figure 2). The climatology readily
reveals the world’s climate zones as well as their seasonality, with high water vapor in the tropics
and small values in the polar regions, and the latitudinal movement of the Intertropical Convergence
Zone or the progression of the monsoon on the Indian subcontinent. Consistent missing values in
the Arctic/Antarctic are due to the polar night. Figure 3 shows the monthly standard deviation as
a measure of variability from the climatological mean. The highest variability can be found year-round
in Southern America and Northern Australia and in wet season climates throughout the world, e.g.,
in Summer (Winter) in Northern (Southern) Africa, whereas the tropics are characterized by a fairly
stable water vapor climatology. Long-term trends of annual water vapor averages per month reveal
that some significant changes in water vapor have occurred during the past 18 years (Figure 4). As an
example, South-Eastern Asia has become significantly wetter. Thus, accounting for the trend might
give better performance than using a simple long-term average. This will likely be incorporated
into a future version of the algorithm and database. However, this should only be considered for
interpolating between 2000 to 2018 as the trend cannot be reliably extrapolated into the past with this
methodology. In addition, in a previous study [14], we assessed that less than 0.4% of all Landsat
images after 2002 could not have been paired with a daily water vapor value (using all Landsat data
in a significant portion of Southern Africa with cloud coverage <70%). This is mainly because a high
cloud coverage in MODIS (resulting in no data in the water vapor database) is also commonly paired
with high cloud coverage in the near-concurrent Landsat image.
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Animated versions of the monthly mean (Video S1), standard deviation (Video S2), and long-term
trend of monthly averages (Video S3) can be found in the Supplementary Materials.
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4.1.3. Clustering
To assess the effect of falling back to climatological values in the atmospheric correction of Landsat
imagery, we clustered (Figure 5) the water vapor climatology into broad clusters for sampling purposes.
Remote Sens. 2019, 11, 257 9 of 18
The average climatology and variability per cluster are shown in Figure 6. Values greater (smaller)
than zero show mean water vapor and/or variability that is higher (smaller) than the global average.
As an example, Cluster #5 is characterized by a dry atmosphere with small variability during winter
and a wet atmosphere with much variability during summer. This climate is, for example, dominant
in Mid-Eastern North America and in the Sahel zone.
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4.2. Effect of Water Vapor Climatology on Landsat Reflectance
To systematically explore the impact on surface reflectance when using a water vapor climatology
vs. having daily values for the atmospheric correction of Landsat imagery, we have processed each
Landsat test image twice (i) using daily water vapor values, i.e., the reference, and (ii) using the water
vapor climatology. APU metrics were generated for testing the effect of using the climatology (i) for
the different Landsat sensors, (ii) in the different clusters, and (iii) between seasons.
4.2.1. Sensor
Band placement, width, and spectral response are different in Landsat 5 Thematic Mapper (TM),
Landsat 7 Enhanced Thematic Mapper plus (ETM+), and the Landsat 8 Operational Land Imager
(OLI) for each Landsat legacy band [30] as depicted by the Relative Spectral Response (RSR) functions
(Figure 7) in relation to water vapor absorption coefficients [31]. Only small changes from one sensor
generation to the other affect the visible bands where water vapor absorption is also low. The most
significant changes affected the NIR and SWIR1 bands. The TM and ETM+ NIR RSR functions are
fairly similar, but the band width was substantially reduced for OLI, and the band was centered on an
atmospheric window. Similarly, the OLI SWIR1 was narrowed and moved to an atmospheric window
while the broader TM and ETM+ bands are influenced by the right wing of a strong absorption band.
Although the band width of the OLI SWIR2 was slightly reduced, the improvement seems to be smaller
than for NIR and SWIR1. In the following, we assess how the different RSR functions affect surface
reflectance when using climatological water vapor estimates.
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Figure 8 presents the unambiguous APU analysis for Landsat 5, Landsat 7, and Landsat 8. The
specified uncertainty is based on a conservative error budget derived for MODIS [23,32]. Accuracy,
precision, and uncertainty never exceed the specification. All measures are close to zero for the visible
bands in each sensor, which is due to low absorption (see Figure 7). The statistics for NIR and SWIR
bands show larger values. Uncertainty and precision are fairly proportional with reflectance in all
cases, as is specification. This confirms that the effect of water vapor is albedo-driven as assessed in
Frantz et al. [14]. Uncertainty and precision are almost identical, which means that the bias is low in
relation to the absolute value of the surface reflectance truth. For Landsat 5, the largest bias (accuracy,
2.1‰ reflectance) and uncertainty (8.8‰ reflectance) are found in SWIR1, which is substantially
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affected by the right wing of a strong water vapor absorption band (Figure 7). Overall, the bias is
positive, which means that the reflectance is overestimated when using the climatology. A bias is
present for each brightness level, but there is a strong increase in absolute bias above 55% reflectance.
This is likely related to the decreasing sample size as Landsat 5 TM saturates at this reflectance level,
which causes the descriptive statistics to become less reliable. For Landsat 7, the effect is visible
as minor oscillation. However, it is less pronounced compared to Landsat 5 as the ETM+ has the
capability to adjust offset and gain settings in response to expected reflectance range within the
footprint. Landsat 8 is unaffected, as improved radiometric quantization and sensitivity prevent
saturation. Landsat 5 NIR and SWIR2 are also characterized by a bias of 1.6‰ and 0.7‰ reflectance,
respectively. Uncertainty has decreased and precision has improved with Landsat 7 for the NIR and
SWIR1 bands, whereas no improvement is evident in the SWIR2. This reflects that the NIR and SWIR1
were narrowed while SWIR2 was not substantially changed (Figure 7). In all bands, the bias largely
vanished (all bands <0.5‰ reflectance). Further improvements have been made with Landsat 8: There
is virtually no bias in most bands except SWIR2 (0.5‰ reflectance). Uncertainty and precision have
improved considerably for the NIR and SWIR1 (<1‰ reflectance). The performance of the SWIR2
has remained the same as with Landsat 5 and 7. This is in accordance with the spectral setup, as NIR
and SWIR1 were narrowed substantially and both positioned in an atmospheric window, while no
substantial change was done for the SWIR2 (Figure 7).
To summarize, all sensors and bands are well below specification, which means that the fallback
usage of the climatology is generally a sound strategy. However, it is noted that the uncertainty of the
climatology adds to the combined uncertainty of all error sources and processing steps (calibration,
AC in general, etc.) and thus might push combined uncertainty above the specification. Nevertheless,
the use is uncritical for the visible bands whereas some considerations have to be taken into account
for the NIR and SWIR bands. Uncertainty in SWIR2 is the same for all Landsat sensors, which means
that special care is appropriate when using SWIR2 information in quantitative analyses, probably even
for Landsat 8. Thus, it is important to routinely update the water vapor dataset [20] and not simply
use the fallback climatology for all upcoming Landsat 8 acquisitions. For NIR and SWIR1, the use of
the climatology seems to be fairly uncritical for Landsat 8. Highest bias and uncertainty were assessed
for Landsat 5’s NIR and SWIR bands, which is of special importance as daily MODIS acquisitions are
unavailable for many Landsat 5 acquisitions (due to the 1984–2013 lifetime that substantially extends
the availability of Terra and Aqua MODIS data since 2000 and 2002, respectively). This has important
implications for the continuity of long-term analyses where a sudden reduction of uncertainty after the
commissioning of MODIS (and thus availability of daily water vapor estimations) needs to be factored
in. Compared to Landsat 5, the uncertainty and bias for Landsat 7’s NIR and SWIR1 was considerably
improved. Even though some uncertainty remains, we do not consider this problematic in practice
because (1) Landsat 7 was commissioned in 1999 and thus only data related to a short time period
cannot be aligned with daily MODIS data; and (2) Landsat 7 and Terra are in the same orbit with
only a 30 minute observation delay [33], which significantly increases the chance of nearly concurrent
observations under similar cloudiness.
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Figure 8. Accura y, precision, and uncertaint , left y-axis) for all Landsat sensors bands.
Sensors are ar anged in columns, and the 6 La t eritage bands in rows. Th reference refl ctance
(truth) was obtained using daily water vapor values, and the estimated reflectance was derived using
the water vapor climatology. The cyan bars are the number of samples for each 2% reflectance bin (right
y-axis). M is the average surface reflectance truth. A (red line), P (green), and U (blue) were calculated
for each bin (lines) and for all samples in total (legend). APU should not exceed the theoretical
specification, i.e., they should remain under the magenta line.
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4.2.2. Cluster
Due to the sensor-specific findings, APU analyses for Landsat 5–8 relating to different clusters are
presented for the NIR and SWIR bands only (Figure 9). The sensor-specific findings of the previous
section can be confirmed with this test. In addition, regional differences do exist, and they are fairly
consistent between sensors and bands.Remote Sens. 2019, 11, x FOR PEER REVIEW 14 of 19 
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Figure 9. Accuracy, precision, and uncertainty (APU, left y-axis) for each cluster (Figure 5). Landsat
sensors are arranged in columns, and NIR and SWIR bands are arranged in rows. For each case (e.g.,
Cluster #1, Landsat 5, NIR), an APU plot was generated, and visualized here are the overall APU
statistics (which are shown as text in the legend of Figure 8). Thus, the ‘all’ Clusters are identical to
the values presented in Figure 8, and are included in Figure 9 for interpreting the regional differences
with regards to the global assessment. Colors and signatures are as in Figure 8. The cyan bars are the
number of samples in each cluster (right y-axis). The magenta line represents the specified theoretical
uncertainty based on the mean surface reflectance truth.
The smallest effect when using the water vapor climatology relates to the driest world regions,
which are represented in clusters #1–3 and #11–12 in the Northern and Southern hemispheres,
respectively. As a general rule, the bias increases from the most Northern/Southern clusters
towards the equator, with highest bias in the tropical and sub-tropical climates. This is likely
an effect of increasing humidity from North (South) towards the equator where larger absolute
deviations between the climatology and the daily values cause a larger bias when calculating surface
reflectance. As an exception, the bias is small in the temperate clusters #4 and #10, which may relate to
cluster heterogeneity.
The regional patterns of uncertainty and precision are mostly similar to the bias. Lowest
uncertainty is fou d in he most Northern and Sout er clusters. With increasing humidit towards
the South (North), uncertainty mostly inc ases (Clust rs #1 to 5, and Clusters #12 t 10). However,
the pattern is interrupted in the tropical and sub-tro ical climates (Clusters #6–9), where uncertainty
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becomes smaller again. This might indicate that the effect is not simply a function of overall humidity
but also of seasonality and variability. As an example, a fairly low uncertainty is found in tropical
cluster #8, where humidity is high but seasonality and seasonal variability is low (compare with
Figure 6). This will be examined further using the next test.
To summarize the findings of this test, the usage of the water vapor climatology is most accurate
in dry climates. Towards wetter climates, the bias of the surface reflectance retrieval increases and is
highest in the tropics. The uncertainty of using climatological values also increases towards wetter
climates but is comparatively smaller for topical and sub-tropical regions than for temperate climate
zones. However, in temperate climates, the bias is low.
4.2.3. Season
The test across the different clusters was most consistent for the SWIR2 band across different
sensors. In order to increase sample size to 30 Landsat images per stratum, the per-season test was
only performed for the SWIR2 band by pooling data from all Landsat sensors (Figure 10).
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Figure 10. Accuracy, precision, and uncertainty (APU, left y-axis) for each season (x-axis) in each
cluster (Figure 5) for the pooled Landsat 5–8 SWIR2 band. For each case (e.g., Cluster #1, January) an
APU plot was generated, and visualized here are the overall APU statistics (which are shown as text
in the legend of Figure 8). Colors and signatures are as in Figure 8. The cyan bars are the number of
samples in each stratum (right y-axis). The magenta line represents the specified theoretical uncertainty
based on the mean surfac reflectance truth.
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Our previous observation that bias is related to the absolute amount of water vapor seems to hold
true in many cases (e.g., April–July, Cluster #7 in Figure 10). However, as accuracy in SWIR2 did vary
between sensors, our description and discussion will focus on uncertainty.
As observed in our analysis along clusters, uncertainty is related to the overall humidity, but
other factors seem to play a role as well. It now becomes evident that uncertainty is more closely
related to the seasonal variability (Figure 10). If variability is small, uncertainty is small as well (e.g.,
all-year round in Clusters #1, 8, and 12), whereas high uncertainty is related to high variability (e.g.,
the seasonality in Cluster #7). A linear regression between uncertainty and variability confirms this:
R2 = 0.167, with a highly significant slope coefficient (p < 3.73 × 10−7). This model does not have
a very high predictive power, but the test nonetheless indicates an unambiguous correlation. The fairly
low coefficient of determination suggests that the sample size of this test was probably still too low
(30 Landsat images per stratum), which may have caused some unexplainable irregularities in the
uncertainty assessment (e.g., the sudden spike in February in Cluster #4).
However, some general conclusions can nonetheless be drawn from this test. Using the water
vapor climatology is most accurate in climates and seasons where the monthly variability is low.
If variability of water vapor increases, the uncertainty of surface reflectance retrieval increases likewise.
Our test accordingly disentangles where and when the caution of using a water vapor climatology
is appropriate. In addition, it helps to suggest algorithm improvements: It appears that uncertainty
is specifically high in months where the atmospheric conditions progress from a dry to a wet season
(and vice versa, e.g., Clusters #4, 7, and 11). In these cases, the climatological mean is the average of
values from wet and dry conditions. Therefore, we will consider narrowing the temporal binning for
calculating the climatology, for example, to use bi-weekly, weekly, or daily long-term averages.
5. Conclusion
We have compiled a global water vapor database from the Terra and Aqua MODIS Total
Precipitable Water Vapor products. This water vapor database is freely available from https:
//doi.pangaea.de/10.1594/PANGAEA.893109 and can readily be ingested for the atmospheric
correction of Landsat imagery with FORCE (freely available from http://force.feut.de). If available,
daily water vapor values are used for the atmospheric correction. If not, a monthly, long-term water
vapor climatology is used instead.
We systematically assessed the impact on surface reflectance when using this water vapor
climatology. A global random sample of Landsat imagery was processed twice (i) using daily water
vapor values, i.e., the reference, and (ii) using the water vapor climatology, i.e., the estimate. APU
metrics were generated for testing the effect of using the climatology (i) for the different Landsat
sensors, (ii) in different parts of the world, and (iii) between seasons.
(1) Results varied greatly between sensors and bands. Whereas visual bands showed only small
deviations, larger differences were observed for the NIR and SWIR bands. However, all sensors
and bands were well below specification, which means that the fallback usage of the climatology
is generally a sound strategy. Still, some considerations need to be taken into account:
• Highest uncertainty and bias are found for Landsat 5, which has important implications
for the continuity of long-term analyses where the sudden availability of daily water vapor
needs to be factored in;
• The uncertainty and bias were progressively reduced from Landsat 5 over Landsat 7 to
Landsat 8 (with the exception of SWIR2 uncertainty) up to the point that the use of the
climatology only marginally influences surface reflectance for Landsat 8’s NIR and SWIR1;
• Uncertainty in SWIR2 remains similar for all Landsat sensors, which implies that the
water vapor database still needs to be updated regularly instead of using a static fallback
climatology for all upcoming Landsat 8 acquisitions.
(2) Some general conclusions were drawn from the test between climate zones:
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• The use of the water vapor climatology is most accurate and hence largely uncritical in
dry climates;
• With the exception of the temperate zone, bias gradually increases from the most
Northern/Southern dry zones to the humid tropics;
• Uncertainty increases from dry to temperate climates but decreases towards the tropics.
(3) Results of the test between seasons indicate that:
• The uncertainty of using the water vapor climatology is smallest during seasons with low
variability in atmospheric water vapor, e.g., all-year round in the tropics;
• Uncertainty is highest in months where the atmospheric conditions progress from a dry to
a wet season (and vice versa), e.g., during the onset of the monsoon in India. To mitigate
this, it might be useful to use weekly or daily long-term averages instead of monthly data
and to factor in trends for interpolating.
In summary, the generation and public distribution of the water vapor database greatly increases
the readiness in generating global, long-term ARD from Landsat. The tests performed in this study
help in the understanding and quantification of (i) which sensor, (ii) which band, (iii) which climate,
and/or (iv) which season are most or least affected by the strategy of using a MODIS-derived water
vapor database with a fallback climatology.
Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/11/3/257/s1,
Video S1: Long-term mean water vapor per month; Video S2: Long-term variability of water vapor per month;
Video S3: Long-term trend of monthly averages.
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